ABSTRACT: To predict the response of C-rich soils to external change, models are needed that accurately reflect the conditions of these soils. Estimation of Carbon in Organic Soils -Sequestration and Emissions (ECOSSE) is a model that allows simulations of soil C and N turnover in both mineral and organic soils using only the limited meteorological, land-use and soil data that is available at the national scale. Because it is able to function at field as well as national scales if appropriate input data are used, field-scale evaluations can be used to determine uncertainty in national simulations. Here we present an evaluation of the uncertainty expected in national-scale simulations of Scotland, using data from the National Soil Inventory of Scotland. This data set provides measurements of C change for the range of soils, climates and land-use types found across Scotland. The simulated values show a high degree of association with the measurements in both total C and change in C content of the soil. Over all sites where land-use change occurred, the average deviation between the simulated and measured values of percentage change in soil C was less than the experimental error (11% simulation error, 53% measurement error). This suggests that the uncertainty in the national-scale simulations will be ~11%. Only a small bias in the simulations was observed compared to the measured values, suggesting that a small underestimate of the change in soil C should be expected at the national scale (-4%).
INTRODUCTION
Climate change, held to be largely driven by increases in greenhouse gas (GHG) emissions, is one of the most serious threats facing our planet (IPCC 2007) , and is of concern at international, UK and devolved administration levels (Scottish Government 2010, UK Government 2010 , Welsh Assembly Government 2010 . Accurate predictions of the effects of changes in climate and land use on GHG emissions are vital for informing land use policy.
Peatlands, characterized as carbon (C)-rich soils, cover approximately 4 million km 2 globally, with a total C stock estimated in 2008 to be ~450 Pg C (Joosten 2009 ). This amounts to 18% of the 2500 Pg C stored in all soils (Lal 2004) . Peat is found across the planet, with Russia, Canada, Indonesia and the USA having the largest peatland areas, totaling just under 3 million km 2 (Joosten 2009 ). Northern peatlands are the most important terrestrial C store, holding between 200 and 450 Pg C (Gorham 1991 , Turunen et al. 2002 . The rate of C accumulation over the last 6000 to 8000 yr has been estimated to be between 20 and 30 g C m -2 yr -1 (Gorham 1991 , Vitt et al. 2000 , Turunen et al. 2002 , 2004 , and over the Holocene, northern peatlands are estimated to have accumulated C at an average rate of 96 Mt C yr -1 , making peatlands not only a substantial store of C, but also a large potential sink for atmospheric C (Gorham 1991) . Highly organic soils can make a significant contribution to national GHG emissions. For example, ~15% of Scotland's total emissions come from land-use changes on Scotland's C-rich soils .
To predict the response of organic soils to external change, models are needed that accurately reflect the conditions of C-rich soils, including peats and those soils with thin (< 50 cm) organic layers overlying mineral material (organo-mineral soils). Most models currently used to predict differences in soil C and nitrogen (N) caused by these changes have been derived from models originally developed for mineral soils (Smith 2001) . None of these models is entirely satisfactory for describing what happens to organic soils following land-use change, due to the omission of processes that are important in organic soils ). For example, national-scale simulations of GHG emissions using the RothC soil organic C model (Coleman & Jenkinson 1996) provide unrealistic results for the majority of soils in Scotland due to the large proportion of highly organic soils ). Here we present an assessment of the uncertainty of simulations from an example application of a new model designed to provide more accurate simulation of net change to soil C and N in response to changes in land use and climate in highly organic as well as mineral soils. This new model assumes that similar processes can occur in mineral and organic soils, but the extent of these processes is modified by the soil conditions. The uncertainty was estimated for national simulations of changes in soil C stocks in Scotland. Scotland is a relatively small country (~78 000 km 2 ), and has soils ranging from <1 to almost 60% organic C content (Lilly et al. 2004 ); because of this it is ideal for the development of a dynamic model that simulates emissions from highly organic northern temperate soils, and which can ultimately be used in larger countries.
THE ECOSSE APPROACH
While a few models have been developed to describe deep peat formation and turnover (e.g. Clymo 1992 ), until recently, none had been developed that were suitable for examining the impacts of land-use and climate change on the types of thin organo-mineral soils with < 50 cm surface organic horizon that are often subject to land-use change ). For example, because of their location, deeper peat soils in Scotland are usually under semi-natural land use and tend to undergo less land use change than the shallower organo-mineral soils, which tend to be more accessible for agriculture. The main aim of the model described here is to simulate the impacts of land-use and climate change on GHG emissions from these types of soils, as well as mineral and peat soils. The model is: (1) driven by commonly available meteorological, land-use and soil data, (2) able to predict the impacts of land-use and climate change on C and N stores in organic and mineral soils, and (3) able to function at national as well as field scales, thus allowing results to be used to directly inform policy decisions.
The new model, Estimating Carbon in Organic SoilsSequestration and Emissions (ECOSSE), was developed from concepts originally derived for mineral soils in the RothC (Jenkinson & Rayner 1977 , Jenkinson et al. 1987 , Coleman & Jenkinson 1996 and SUNDIAL (Bradbury et al. 1993 , Smith et al. 1996a ) models. Following these established models, ECOSSE uses a pool-type approach, describing soil organic matter (SOM) as pools of inert organic matter (IOM), humus (HUM), biomass (BIO), resistant plant material (RPM) and decomposable plant material (DPM) (Fig. 1a) . A complete and detailed description of the structure and formulation of the ECOSSE model is given in Smith et al. (2010) (https://www.abdn. ac.uk/staffpages/uploads/soi450/ECOSSE%20User% 20manual%20310810.pdf), so a succinct description including only the new components of the model is presented here. The main differences in the simulation of soil C dynamics in ECOSSE compared to RothC and SUNDIAL are given in Table 1 .
All of the major processes of C and N turnover in the soil are included in the model, but each of the processes is simulated using only simple equations driven by readily available input variables, allowing the model to be applied at both field and national scales, without a great loss of accuracy. ECOSSE differs from RothC and SUNDIAL in the addition of descriptions of a number of processes and impacts that are not crucial in the mineral arable soils that these models were originally developed for. More importantly, ECOSSE differs from RothC and SUNDIAL in the way that it makes full use of the limited information that is available to run models at national scale. In particular, measurements of soil C are used to interpolate the activity of the SOM and the plant inputs needed to achieve those measurements. If data are available describing soil water, plant inputs, nutrient applications and timing of RothC SUNDIAL ECOSSE Carbon only Carbon and nitrogen Carbon and nitrogen Field → National Field Field → National
Aerobic decomposition
Response to soil water Range = wilting point Range = wilting point Range = wilting point to field capacity to field capacity to saturation Response to soil pH n/a n/a Included Anaerobic decomposition Response to temperature n/a n/a Included Response to soil water n/a n/a Included Response to soil pH n/a n/a Included Soil N Stable C:N ratio n/a Constant Changes with soil pH Layer structure for n/a Complex Uses 5 cm layers solute movement throughout profile Leaching of DOC and DON n/a n/a Simulated by piston flow Activity of SOM Pools and plant input Pools defined by Pools and plant input from equilibrium run fixed proportions from steady state using soil C Plant inputs estimated run using soil C Assumes soil is from yield Soils can be at equilibrium, at equilibrium accumulating or degrading
Land-use change
Physical protection n/a n/a Protected SOM release from HUM to DPM and RPM Establishment phase for new land use n/a n/a Simple linear equation management operations, these can be used to drive the model and so better apportion the factors determining the interpolated activity of the SOM. However, if any of this information is missing, the model can still provide adequate simulations of SOM turnover, although the impact of changes in conditions will be estimated with less accuracy due to the reduced detail of the inputs.
Aerobic decomposition
During the decomposition process, ECOSSE assumes material is exchanged between the SOM pools according to first-order rate equations, characterized by a specific rate constant for each pool, and modified according to rate modifiers dependent on the temperature, water content, plant cover and pH of the soil. As in the RothC and SUNDIAL models, the impact of soil texture on SOM decomposition is accounted for not through a rate modifier, but in the partitioning of decomposing organic matter into the BIO and HUM pools, thus simulating the effect of clay minerals on the physical protection of SOM. Under aerobic conditions, the decomposition process results in gaseous losses of CO 2 ; under anaerobic conditions, methane (CH 4 ) losses become significant. The ECOSSE description of decomposition differs from RothC and SUNDIAL in the response of aerobic decomposition to soil water content and the incorporation of a pH rate modifier.
Below field capacity, the response of aerobic decomposition to soil water content follows the relationship given for SUNDIAL by Bradbury et al. (1993) 
where m w0 is the rate modifier at permanent wilting point, and θ c is the calculated soil water content, θ s is the amount of water at saturation and θ f is the amount of water at field capacity, all above the permanent wilting point in mm layer -1 (note that all parameters are listed and defined in Table 2 ). θ c is calculated as described in Bradbury et al. (1993) . If the water held between field capacity and permanent wilting point (θ s ) is not known, it can be calculated for each layer from the simulated soil C content (C tot,sim ) and the percent clay content (P K ) using the following pedotransfer function (Smith et al. 2010) (2)
The aerobic decomposition rate modifier for pH shows a linear response, proceeding at an optimum rate (rate modifier m pH = 1) until the pH falls below a critical threshold (pH max ), after which the rate of decomposition declines linearly to a minimum rate (rate modifier m pH = m pH,min ) at pH min :
This is a simplification of the approach used in many models (e.g. Parton et al. 1996 , Walse et al. 1998 , Leifeld et al. 2008 ) that employ a sigmoid relationship. A linear approach was chosen because it allows more intuitive parameter selection than is possible for a sigmoid curve and differs from the sigmoid relationship by only a small amount at the points where the sigmoid curve asymptotes. The value of m pH,min was set to 0.2. The values of pH min and pH max could be site specific, but for the national simulations these evaluations were set to 2 and 5, respectively, to be consistent with the relationship used by Walse et al. (1998) .
Anaerobic decomposition
Anaerobic decomposition is not included in RothC or SUNDIAL, but is described in ECOSSE in a similar way to aerobic decomposition, using rate modifiers that are set according to relationships formulated for the anaerobic decomposition process. A proportion of the CH 4 produced is oxidised back to CO 2 depending on transportation of CH 4 in plants, the rate of diffusion through the soil and the thickness of the aerobic region crossed by the CH 4 . Following the model of Kettunen (2003) , the temperature rate modifier for anaerobic decomposition (m / t ) is given by the same equation that is used for aerobic decomposition: (4) where T is the air temperature (°C).
The anaerobic decomposition rate modifier for soil water content (m / w ) increases exponentially for a soil above field capacity according to the following equation: (5) where θ f is the amount of water held between field capacity and the permanent wilting point (mm layer The anaerobic rate modifier for soil pH (m / pH ) is more complex and follows a sigmoid relationship after measurements by Garcia et al. (2000) and Wang et al. (1993) : (6) where c 3 and c 4 are fitted constants and pH is the soil pH.
Soil N
The N content of the soil follows the decomposition of SOM (Fig. 1b) , with a stable C:N ratio defined for the BIO and HUM pools and N being either mineralized or immobilized to maintain that ratio. ECOSSE differs from SUNDIAL in that the stable C:N ratio changes with soil pH, whereas SUNDIAL uses a constant value of 8. This represents the changes in the proportion of fungi in the soil that occur as the pH falls (Bardgett & McAlister 1999) . The stable C:N ratio (C:N s ) is given by the proportion of non-fungal organisms (such as bacteria, actinomycetes and Archaea) in BIO pools (p b ), the stable C:N ratio of the non-fungal organisms (C:N b ), the proportion of fungi (p f ) and the stable C:N ratio of fungi (C:N f ):
The proportion of non-fungal organisms (p b ) is determined from the soil pH (pH), the maximum and minimum proportions of fungi found in the soil (p f,max and p f,min , respectively), and the pH at which the maximum and minimum proportions of soil fungi occur (pH f,max and pH f,min , respectively): 
1 θ θ θ θ C and N may be returned to the soil by plant inputs, inorganic fertilizers, atmospheric deposition or organic amendments; they may then be lost from the soil by leaching, denitrification, volatilisation, crop offtake or through decomposition. In contrast to the complex layer structure used in SUNDIAL, in ECOSSE the soil is divided into equal (5 cm) layers for all processes throughout the soil profile, so as to facilitate the accurate simulation of processes to depth. As in SUNDIAL, leaching is simulated by simple piston (Saffigna & Philips 2006 ) and bypass flow (Addiscott & Whitmore 1991) , but ECOSSE differs from SUNDIAL in that losses of dissolved organic C (DOC), and dissolved organic N (DON) are simulated as well as losses of nitrate . Following an approach by Aguilar & Thibodeaux (2005) , the amount of DOC produced by a SOM pool is given by (9) where C pool is the amount of C in the DPM, RPM, BIO or HUM pools (kg C ha -1 ), k pool is the corresponding rate constant for production of DOC, and m pH are the rate modifiers for the water content, temperature, crop cover and pH of the soil, respectively, having the same form as the rate modifiers for aerobic decomposition. The amount of DON produced is calculated from the amount of DOC produced and the C:N ratio of the pool.
Activity of soil organic matter decomposition
Because the SOM pools have different rate constants, the relative proportions of these pools determines the activity of decomposition in the SOM as a whole; a greater proportion of a rapidly decomposing pool will result in greater overall activity of SOM decomposition, whereas a greater proportion of a slowly decomposing pool will result in lesser overall activity. Therefore, it is important to accurately determine the amount of C in each SOM pool at the start of the simulation. If plant inputs are well known and the soil has reached steady-state, the initial pool sizes can be determined directly from these specified inputs by running the model forward until the SOM content reaches steady-state. In practice, however, the actual plant inputs to a system are rarely known accurately, even at a field scale, because the full contribution of litter, debris and root exudates is difficult to measure. As the model is scaled up for national simulations, it becomes even more difficult to accurately estimate the organic inputs to a system. Bradbury et al. (1993) resolved the problem of defining the initial activity of SOM decomposition using fixed proportions of the SOM pools dependent on the soil texture and dividing the measured soil C between the pools in these proportions. The proportions were based on observations from long-term experiments, but are highly site specific, so if long-term measurements are not available it can be difficult to establish the proportions needed for a particular soil type in a given environment. In ECOSSE, an iterative procedure is used to estimate the organic inputs and SOM pool sizes from measured soil C, following an approach employed in RothC, for example by Smith et al. (2005) . An initial estimate of the total annual organic input is used to provide a first calculation of the C in each SOM pool at steady-state. Added together with the amount of material in the IOM pool, the C in these pools provides an estimate of the total soil C simulated using the given organic inputs. A rough estimate for the amount of material in the IOM pool is given by Falloon et al. (1998) : (10) where C IOM is the C in the IOM pool and C tot,meas is the measured total soil C, both given in t C ha -1 (25 cm layer) -1 . This equation was originally developed for a wide range of soils, but was mainly based on experiments on mineral soils. However, it provides sufficient accuracy in the estimate of the size of the IOM pool to be used to seed the iterative procedure. The model adjusts the annual organic inputs according to the ratio of simulated to measured soil C: (11) where C in is the actual annual organic input, C in,def is the default annual organic input, C tot,meas is the measured total soil C and C tot,sim is the simulated total soil C (all kg C ha -1 layer -1
). Eq. (11) provides a revised estimate of the total annual organic inputs, which is then used to rerun the model to obtain a new simulation of the SOM pool sizes at steady-state. When the simulated and measured values are within 0.0001 kg C ha -1 layer -1 , the resulting SOM pool sizes and calculated organic inputs are used to represent the pools and inputs needed to achieve the observed soil C at steadystate. The model may then be run forward, applying changes in the soil conditions, land use and climate to calculate the impact of changes on the rate of SOM turnover.
In the calculations presented here, it was assumed that the soils were in equilibrium, and so were neither losing nor gaining soil C. If it had been known that the soil was not in equilibrium, ECOSSE has been developed so that the initialization could be run to match the annual change in soil C known to be occurring at the site (Smith et al. 2010) . However, because this informa-
tion was not available at the national scale, the assumption of a soil at equilibrium was used. Running the model in this way will result in an overestimate of soil C losses in a soil that is actually gaining soil C, and an underestimate of soil C losses in a soil that is actually losing soil C. However, the error in the change in soil C losses associated with a given change in land use will be small. This iterative procedure is a useful approach, especially in national simulations, as it provides an estimate of the rate of decomposition using very little input data. Any factors that are not explicitly described in the measurements used to drive the model will be subsumed into the description of the rate of decomposition provided by the relative pool sizes. For instance, if the soil is saturated for much of the year, this is reflected in a slower rate of decomposition, resulting in a higher observed total soil C, which then requires a larger component of the SOM to be composed of the more slowly decomposing HUM pool. If the saturated condition of the soil had been explicitly included in the measurements used to drive the model, the slowed rate of decomposition would instead have been described by a slowed decomposition rate simulated under the entered anaerobic conditions. This would have provided a more accurate simulation of the impact of any factors that might change the water table depth, such as changes in rainfall patterns. If the simulations are focusing on the impact of changes in climate on SOM turnover in soils that are likely to become saturated, it is important that the water table depth be included as an input driver, but if the soils are not likely to become saturated, this is less important. The user should be aware of any limitations in the results introduced by using less data to drive the model, but the ability to run simulations in this way -using only the data that are readily available -is a major advantage of the ECOSSE approach, especially for large-scale simulations such as those at a national scale.
Land-use change
The changes imposed in the ECOSSE simulations when one land use is converted to another are: (1) a change in the DPM:RPM ratio of the plant inputs, (2) a change in the plant inputs of the established vegetation, (3) a temporary reduction in the plant inputs from that of established vegetation until the vegetation becomes fully established, and (4) a release on cultivation of physically protected SOM from the HUM pool, partitioned into the DPM and RPM pools in the DPM:RPM ratio of the original land use. The implementation of these changes depends on the type of land-use change (Table 3) .
Change in the DPM:RPM ratio of the plant inputs
In both the RothC and ECOSSE models, the activity of decomposition of the organic matter added to the soil is described by the DPM:RPM ratio. This can be specified for each individual crop type or for broader categories of vegetation based on land-use type. In these simulations, the DPM:RPM ratio is set for the land use categories arable, grassland, forestry and semi-natural: the value for arable and grassland is 1.44, for forestry 0.25 and for semi-natural land 0.67, as given by Coleman & Jenkinson (1996) . The DPM:RPM ratio of plant inputs changes on conversion between all land-use categories except for the conversion of arable to grassland or grassland to arable.
Change in the plant inputs of the established vegetation
The plant inputs of the established vegetation for the different land-use types are calculated during an iterative initialization procedure as described in Section 2.4. On conversion of land use, the plant inputs are changed from the amount calculated for the first land use to the amount calculated for the new land use.
Temporary reduction in the plant inputs from that of established vegetation
In an analysis of CO 2 flux measurements from Scottish peatlands that were drained, ploughed and afforested with conifer plantation dominated by Sitka spruce Picea sitchensis, Hargreaves et al. (2003) ). The reduced plant inputs when vegetation is immature are described in ECOSSE by reducing the plant inputs from established vegetation by a fixed proportion for each land-use type and allowing it to return to the steady-state level over a number of years following a linear response. For conversion to arable and grassland there is no reduction in plant inputs; for forestry, the plant inputs are reduced in the year of planting to 50% of the plant inputs calculated for mature vegetation; for semi-natural vegetation, plant inputs are reduced to zero (Smith et al. 2010) . The plant inputs are assumed to recover to the steady state after 5 yr in forestry and 20 yr in semi-natural vegetation. These reduction rates and times were set to emulate the observations of Hargreaves et al. (2003) and Ejrnaes et al. (2008) . This is a necessarily simplistic approach, accounting for the detailed interactions of inputs from the understory vegetation, canopy closure and maturity using just one simple equation. For national-scale simulations it provides an appropriate detail of output given the accuracy of input data possible (Smith et al. 2010) . The impact of different management options, or species characteristics on recovery of plant inputs, can be described by adjusting the parameters describing reduction in plant inputs and the time required to reach maturity according to experimental evidence.
Release on cultivation of physically protected SOM
When one land-use type is converted to another, the observed changes in soil C can only partly be attributed to the change in plant inputs from the different vegetation types. In a meta-analysis of 74 publications, including data from 16 different countries on the impact of land-use change on soil C stock, Guo & Gifford (2002) found an initial reduction in soil C when pasture was converted to plantation, despite a greater input from the plantation vegetation. This is consistent with the decline in total soil C observed by Zerva et al. (2005) during the first rotation following afforestation of a peaty gley soil in NE England. The extent of the decline in soil C content is highly dependent on soil type, the management of the land and the nature of disturbance of the soil. Guo & Gifford (2002) attributed the decline in soil C content on land-use change from grassland to forestry to (1) the shallower distribution of soil C in afforested soils as compared to grassland soils, resulting in less C in the soil profile as a whole despite a greater surface soil C stock under trees; (2) the persistent tree root system, resulting in the annual turnover of organic matter from dying tree roots being less than from dying grass roots; and (3) woody plants depositing a larger fraction of organic matter on the surface than grasses, resulting in less formation of stabilized SOM. In organic soils, these effects may be accentuated by site drainage during site preparation for afforestation (Freeman et al. 1993 , Reynolds 2007 ). Gottschalk et al. (2009) attributed the decline in soil C observed with the conversion of forestry to arable land to the loss of physically protected soil C, as well as to reduced plant inputs and increased erosion from arable land. Using 13 C measurements, Gottschalk et al. (2009) showed that RothC did not capture the observed rapid decline in forestderived soil C on deforestation, and suggested the model needed to account for the release of physically protected soil C on disturbance of long-term uncultivated soil. In ECOSSE, the reduction in the physical protection of SOM is described by a simple approach in which a proportion of the slowly decomposing HUM pool is passed back to the more rapidly turning over DPM and RPM pools. Therefore, the SOM that was previously slowly decomposing in the HUM pool will decompose more rapidly, thus releasing CO 2 more quickly, as would occur with the loss of physical protection on cultivation. The proportion of the HUM pool that is passed back to DPM and RPM pools represents the plant material that has become resistant to decomposition through physical protection within soil aggregates, and thus the loss of physical protection on aeration of the soil and breakdown of the soil aggregates. The proportion passed back from the HUM pool for land uses that are not cultivated annually (grassland, forestry and semi-natural) is currently set to 0.5, following an analysis by West & Post (2002) of global data on the effects of tillage on losses of C from the soil. For arable land, the proportion is set to zero, as soil is usually cultivated annually as part of conventional cropland management. If cropland management options such as zero tillage had been used, the proportion of HUM passed to the more rapidly decomposing pools should be increased according to any experimental evidence on the impact of zero tillage on soil C stocks. Similarly, if management options have been used that result in minimal soil disturbance during land-use change on long-term uncultivated soils, the proportion of HUM passed should be reduced from 0.5.
UNCERTAINTY IN NATIONAL SIMULATIONS

Sources of uncertainty
Uncertainty in national-scale simulations has 2 components: uncertainty due to errors in the model, and uncertainty due to the reduced detail and precision in the data available. Field-scale evaluations of the uncertainty due to errors in the model, referred to by Beven (2002) as structural errors, are described elsewhere (Smith et al. 2010) and are not included here. When the model is applied at the national scale, the uncertainty in simulations is likely to be greater than at the field scale due to the reduced detail of the inputs. For example, in croplands, detailed management factors such as sowing date and timing of fertilizer applications cannot usually be specified when the resolution of the simulations is larger than the size of the management unit; the resolution of the simulation might be a 1 km 2 grid cell, whereas the size of a management unit might be a 5 ha field, so there will be many different values for the management factors within each 1 km 2 cell. Uncertainty in simulations at the national scale is also greater than at the field scale due to the reduced precision of the input values. For example, the C content of the soil in a 10 ha field can be precisely measured, and the error in the measurement defined using replicates, whereas for applications at the national scale the soil C content is often determined for 1 km 2 grid cells with the C content estimated from typical or average soil C values for the major soil types identified in the cell (e.g. Batjes 2009 ).
The uncertainty due to simulation errors and the measurement errors associated with the reduced detail and precision of data available to run the model at national scale can be quantified by evaluating the model at the field scale, but using only input drivers that are available at the national scale. In order to obtain a good representation of the uncertainty, a range of sites across the whole area to be simulated should be included in this field-scale evaluation. Here we use data from the National Soil Inventory of Scotland (NSIS; Lilly et al. 2009 ) to determine the uncertainty in national-scale simulations of changes in the soil C stocks of Scotland.
Use of measurements from the NSIS
The full NSIS data set comprises a point database, collected on a 5 km grid across Scotland (Lilly et al. 2009 ). The inventory was undertaken between 1978 and 1988, and the site conditions and soil profiles were characterized at the 3094 locations having soil cover (soil samples could not be obtained at some locations, for example, where the location was built up or on water). A subset of soils at locations on a 10 km grid (721 grid points) was sampled by pedological horizons using standard procedures and protocols. The soil was subsequently analyzed to determine soil chemical and physical characteristics. Between 2007 and 2009, a statistically unbiased subset of the original 721 locations was re-sampled and additional measurements were made at each location that had soil cover (183 sites) to allow the soil C stock to be estimated and provide an estimate of the uncertainty. In both campaigns, soils were mainly sampled to a maximum depth of 1 m, and so the data set excludes soil C held in deeper peat layers, but allows direct comparison of the changes in soil C held in the top 1 m of soil between the 1980s and the present day. Note that limiting measurements to 1 m depth could introduce errors if the bulk density of the soil has increased significantly, resulting in a larger proportion of the soil profile being sampled (Ellert et al. 1995) . Ideally, the bulk density values should have been checked for any significant changes, but this could not be done as the earlier campaign did not include bulk density measurements.
Here we only use data for 60 of the NSIS sites, i.e. those sampled in 2007 and where analyses had been completed at the time of the present study. The subset of re-sampled sites encompasses the range of organic, organo-mineral and mineral soils found across Scotland. The ECOSSE model was run using real weather data and only the limited soil, land-use and management data that would be available in the large-scale national simulations. Therefore, by comparing the simulated values with the measurements of soil C at the re-sampling date, these simulations provide a test of the accuracy of changes in soil C due to climate and land-use change obtained in national simulations of Scotland.
Calculating uncertainty
Good model performance is indicated statistically by simulations and measurements that are both coincident (indicating a close fit) and associated (indicating the trends in measurements are replicated) . Where measurements are replicated, the coincidence between simulated and measured values is best expressed as the lack-of-fit statistic, and the significance of the coincidence determined using an F-test (Whitmore 1991) . However, the NSIS data set is not replicated, so instead the degree of coincidence was determined by calculating the total error as the root mean squared error (RMSE) and the bias in the error as the relative error (Loague & Green 1991 , Smith et al. 1996b , 1997 . The association between simulated and measured values was calculated as the correlation coefficient, and the significance of the correlation was determined using a t-test ). Sources of model error were also examined using graphical plots.
Input data
The input data were limited to those available at the national scale, so that the simulations provide an estimate of the uncertainty when the model is run using national databases to estimate changes in soil C stock for all of Scotland. This result can then be used in assessing the uncertainty associated with lack of detail and precision in data available in the national-scale simulations.
The characteristics of each horizon in the soil series identified at the NSIS site were used to drive the model in each layer down the soil profile. Total soil C (kg C ha -1 ) was used to determine the organic inputs to the soil and the amount of C in each of the SOM pools at the start of the simulation as described in Section 2.4. These total soil C values were calculated from the measured percentage soil C in each horizon and the bulk density. Soil bulk density (d b ) was derived using the following equations developed from data held in the Scottish Soils Database:
If percent carbon in the soil layer (P C ) is > 22%, then:
If P C is ≤ 22%, then:
This was done for the original land use observed in the 1978-1988 sampling as well as for any new land use observed in the 2007-2009 sampling, thus allowing the impact of land-use change on SOM turnover to be simulated. Soil pH was used to calculate rate-modifying factors for aerobic and anaerobic decomposition as shown in Eqs. (3) and (6), and to determine the stable C:N ratio given in Eq. (8). The percentage clay (P K ) was used to calculate the proportion of SOM retained in the soil on decomposition following the approach of Coleman & Jenkinson (1996) and, together with the bulk density (d b , g cm -3
) and percentage silt content (P s ), to estimate the water content between field capacity and permanent wilting point (θ f ), using the following equation adapted from Hall et al. (1977) : (14) Eq. (14) was originally derived to determine field capacity in soils from England and Wales, and so will introduce some error when applied to Scottish soils, especially peats. However, because the activity of SOM decomposition is initialized using the specified soil conditions as described in Section 2.4, the impact on changes in soil C of errors in estimated field capacity will be small. This was demonstrated by rerunning the model using alternative pedotransfer functions derived for organic soils in the UK as part of an update to the SEISMIC environmental information and scenario mapping system (http://randd.defra.gov.uk/ Document.aspx?Document=PS2225_7916_FRP.pdf). The most suitable equation for Scottish peat soils was: (15) The difference in the change in soil C was less than 0.01% of the total C change. If the focus of the simulations was the impact of changes in the soil water status on soil C, a more specific pedotransfer function might be required.
The water content and temperature rate modifiers given in Eqs. (1, 4 & 5) were calculated using weather data, downloaded as a grid of 5 km 2 cells from the climate monitoring service of the MetOffice UK. These data were also used to simulate leaching, denitrification and volatilization as described by Bradbury et al. (1993) . Long-term average monthly data based on the period of were used in the calculation of the amount of C in the SOM pools at the start of the simulation and the organic inputs for each land-use type. Actual monthly data were used to run the model forward to simulate any impacts of climate change between the 2 sampling times.
Rock, iron pans and other layers with slow permeability to water were assumed to be the bottom of the profile for the purpose of simulation modelling. Soil C measurements for the top litter layers were frequently missing, and so the simulations could not be evaluated in these litter layers. The national simulations included all layers in the soil profile; this often includes litter layers. If the uncertainty in the simulation of litter layers is very different to that of other layers, this could introduce an error in the estimate of uncertainty in the national simulations; additional data are required to resolve this issue.
Total C was calculated for each depth using bulk density and percent soil C. The amount of C was corrected for the percentage of stones in the soil. In some instances, the percentage of stones changed between the 2 sampling times. This is likely to be due to spatial variability at the site. To allow comparison between the soil C contents at the 2 sampling times, the C content of the soil at the second sampling time was adjusted assuming the percentage of stones to be equivalent to the percentage found at the first sampling time. Horizon depths were corrected similarly. ( . . .
Results of simulations of changes in soil C in the NSIS
We plotted the simulated soil C against the measured data at 60 resampled sites (Fig. 2) . The 1:1 line is given in the plot, and represents perfect agreement between the simulations and the measurements. The spread of points around the 1:1 line indicates that there are some errors in the simulation of changes in soil C with time since the first sampling date. However, over all sites, the correlation between the simulated and measured values is high and statistically significant (r 2 = 0.94, p < 0.001) for all land uses (Table 4) . Overall, the total error (RMSE) between the simulated and measured values of C is 20% of the average measurement. Larger errors between simulations and measurements occur at some sites. As discussed below, these are associated with inaccuracies in the measurement inputs, as well as being due to the model. However, because these errors are part of the uncertainties encountered in the simulations at a national scale, these values should be included in the potential uncertainty in the simulations.
The simulated change in C content was compared to the measured C change. This is expressed as a percentage change to normalise the impact of C change at sites with large and small C content (Smith et al. 1996b) . Unfortunately, the errors in the measurements with this type of re-sampling exercise can be extremely high. This is due to the inherent spatial variability, especially at unmanaged sites, as well as any unrecorded management between the first and second sampling dates and the difficulty in relocating sampling sites (Lilly et al. 2009 ). At sites where no land-use change has occurred, the uncertainties in the measurements are larger than the simulated change in soil C, and so no meaningful statistical analysis was possible. Simulated change in soil C at the sites where land-use change has occurred is shown in Fig. 3 . Only these latter sites are included in the following analysis.
Simulation of change in C content is a more stringent test of the model than the simulation of total C content. Over all sites where land-use change has occurred, the correlation between the simulated and the measured values is given by r 2 = 0.25. This is not significant, suggesting the simulations and measurements are not highly associated. However, this changes when the experimental error is taken into account. For 4 sites, the 95% confidence intervals of the measurements are very high, > 35% (Table 5) Sites with 95% confidence interval < 35% r 2 = 0.8 p > 0.05 RMSE = 7% Fig. 3 . ECOSSE-simulated values against measured values of change in carbon content for the 9 NSIS sites where land-use change has occurred. Error bars are 95% confidence intervals significant, due to the low number of measurements now included in the comparison (only 5). However, the simulated values are all within the measured 95% confidence interval of the 1:1 line between simulations and measurements, suggesting the association between simulations and measurements is within the range of experimental error. The average deviation between the simulations and the measurements is only 11% if all points are included, and 7% if the measurements with high experimental error are excluded. This is less than the average measured deviation at the 95% confidence interval (53% for all points and 24% when measurements with high experimental errors are excluded, see Table 5 ). Therefore, the coincidence between the simulations and the measurements is also well within the range of experimental error; the model cannot be improved further against this data . The bias in the simulations, as indicated by the relative error (Loague & Green 1991 , Smith et al. 1996b , 1997 , is very low: -4% for all measurements. Therefore, only a small systematic underestimate (-4%) is expected in the national simulations.
The simulations at the sites where land-use change has occurred are all within the range of experimental error, but at 25% of the sites without land-use change (22% of all sites) the simulated values show a greater deviation from the measurement than the recorded experimental error. The sites where the error between simulations and measurements exceeds the recorded experimental error include all land-use types, so no systematic error due to including a particular land-use type has been identified. At 2 arable sites, ECOSSE simulates a small decline in soil C (-2 and -6%), whereas a large increase is measured (+ 33 and + 79% respectively). It is unlikely that such a large increase in soil C would occur without some change in land use or management, but there is no record of any such changes. This illustrates one type of error that occurs, not due to the failure of the model, but rather due to the limited data available for national-scale simulations. These errors may have been attributable to the use of improved crop varieties, changes in cropping practice (such as straw incorporation) or the inclusion of a short-term ley within the arable rotation resulting in a temporary increase in soil C before the land is used for crop production again. Similarly, at 2 grassland and 2 semi-natural sites, a relatively large decline in soil C is measured (grass = -19 and -4%; semi-natural = -43 and -16%), whereas the model simulates a small increase (grass = + 2 and + 3%; semi-natural = + 2 and + 4%). This again could be due to an interim period of land-use change, resulting in the reduction in soil C, before the land is converted back to grassland or semi-natural use. At one forestry site, a moderate decline in soil C is observed (-12%), whereas an increase is simulated (+ 3%). This may be attributable to disease, drainage of a highly organic site or inaccurate assumptions about the age class of the forestry. At the remaining 44 sites, the simulated values have the same sign as the measurements, and are usually within or only slightly outside the reported experimental error.
IMPLICATIONS FOR NATIONAL SIMULATIONS
The ECOSSE approach assumes similar processes can occur in mineral and organic soils, but the extent of the processes is modified by the soil conditions. This combined approach is in contrast to previous work, where mineral and organic soils have been treated differently, assuming that many of the processes occurring in mineral and organic soils are fundamentally different (e.g. Bradbury et al. 1993 , Clymo 1992 . This ability to use a combined approach is an important assumption for application of the model at national scale, as it avoids the need for an arbitrary differentiation between soils that are considered to be organic and those that are assumed to function as mineral soils, and allows the whole area to be simulated using the same model.
Because ECOSSE is able to function at field as well as national scales, if appropriate input data are used, Table 5 . Estimated errors in measurement at the 9 NSIS sites where land-use change occurs. 95% CI: 95% CI in measurement of % change in soil C field-scale evaluations can be used to determine uncertainty in national simulations. However, despite using a large survey of soils data in Scotland (Lilly et al. 2009 ), the evaluations were limited to only a few sites. This was due to the large uncertainty inherent in such measurements compared to the size of the changes in soil C observed; only at sites where land use had changed was the change in soil C significant. Therefore, only these sites could be included in the statistical analysis. Much of this measurement error is introduced by semi-natural upland sites; the inherent measurement error is greater in semi-natural upland sites where variations in vegetation and topography introduce greater spatial variation in soil characteristics than in arable or grassland sites (Lindsay et al. 1985) . Improved estimates of uncertainty could be achieved by separating out analyses for semi-natural uplands and focusing research effort on improving measurements at these sites. Uncertainty in the simulations is also introduced by uncertainties in the input data, including uncertainties in timing of land-use change, actual management of arable land, grassland and forestry, and unrecorded land-use change before the start of and during the simulation. These factors are also likely to be unknown at a national scale, and so the erroneous results due to uncertainty in the input data are included in the estimate of uncertainty in the simulations. For a further discussion of uncertainty estimates, see Falloon et al. (2006) .
Despite the uncertainties in the input data and the measurements used to evaluate the model, the simulated values show a high degree of association with the measurements in both total C and change in C content of the soil. Over all sites where land-use change occurred, the average deviation between the simulated and measured values of percentage change in soil C was less than the experimental error (11% simulation error, 53% measurement error). This suggests that the uncertainty in using this model for the national-scale simulations will be ~11%. Note that this excludes any additional uncertainty due to uncertainty in the national database values used to drive the model. Only a small bias in the simulations was observed compared to the measured values, suggesting that a small underestimate of the change in soil C should be expected at a national scale (-4%). 
